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AUTOMATICALLY DETECTING
USER-REQUESTED OBJECTS IN DIGITAL
IMAGES

CROSS-REFERENCE TO RELATED
APPLICATIONS

The present application is a continuation of U.S. appli-
cation Ser. No. 16/518,810, filed on Jul. 22, 2019. The
aforementioned application is hereby incorporated by refer-
ence in its entirety.

BACKGROUND

Recent years have witnessed a significant increase in
digital image editing. Indeed, advances in both hardware and
software have increased the ability of individuals to capture,
create, and edit digital images. For instance, the hardware on
most modern computing devices (e.g., servers, desktops,
laptops, tablets, and smartphones) enables digital image
editing without significant lag time or processing delays.
Similarly, improvements in software enable individuals to
modify, combine, filter, or otherwise edit digital images.
Examples of editing digital images include detecting an
object, copying the object from one image into a new
background, or removing an object from an image.

Notwithstanding these improvements in digital image
editing, conventional systems have a number of problems in
relation to flexibility, accuracy, and efficiency of operation in
image editing systems, particularly with respect to detecting
and selecting objects in digital images. As an example, many
conventional systems have limited functionality in the types
of objects they can detect in an image. To provide context,
an object in an image can correspond to one or more object
types or classes (e.g., foreground objects, background
objects, conceptual objects), and object classes can include
near limitless numbers of objects. Conventional systems are
often limited to a small number of object classes. Further,
conventional systems primarily detect only a small subset of
objects within an object class. For instance, some conven-
tional systems can detect only dogs in an image, but not
other types or classes of objects.

In additional, conventional systems are inaccurate. For
instance, many conventional systems that provide object
detection often identify the wrong objects or worse, alto-
gether fail to identify any object in an image. For example,
many conventional systems do not identify objects that do
not belong to well-known object classes.

Also, some conventional systems are inaccurate because
they provide imprecise results. For instance, while a few
conventional systems can select individual masks of an
object, the boundaries of these masks are rough and impre-
cise. Indeed, these conventional systems often produce
object masks that over include additional portions of the
image or do not include the entire object. As a result, a user
must manually correct the selection and/or manually select
the desired object.

These, along with additional problems and issues exist in
image editing systems with respect to detecting and select-
ing objects in digital images.

BRIEF SUMMARY

Embodiments of the present disclosure provide benefits
and/or solve one or more of the foregoing or other problems
in the art with systems, non-transitory computer-readable
media, and methods for automatically selecting detected
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objects in a digital image based on natural language-based
inputs. For instance, the disclosed systems can utilize mul-
tiple object detection neural networks and models to accu-
rately detect and automatically select a query object (e.g., an
object provided by a user in a selection query). In particular,
the disclosed systems can detect objects belonging to both
known object classes as well as unknown object classes.

To illustrate, the disclosed systems can identify a query
object that a user is requesting to be detected within an
image. Utilizing the query object, the disclosed systems can
determine whether the query object corresponds to a known
object class. Further, based on determining that the query
object corresponds to a known class, the disclosed systems
can utilize a known object class detection neural network to
detect the query object within the image. Alternatively,
based on determining that the query object does not corre-
spond to a known class of objects, the disclosed systems can
utilize an unknown object class detection neural network to
detect the query object. In various more embodiments,
known object class detection neural network and the
unknown object class detection neural network each include
multiple models or additional neural networks, as described
below. Upon detecting the query object, the disclosed sys-
tems can automatically select and provide the detected query
object to the user within the image.

While this summary refers to systems for simplicity, the
summary also applies to certain disclosed methods and
non-transitory computer-readable media. The following
description sets forth additional features and advantages of
one or more embodiments of the disclosed systems, com-
puter media, and methods. In some cases, such features and
advantages will be evident to a skilled artisan from the
description or may be learned by the practice of the dis-
closed embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description provides one or more embodi-
ments with additional specificity and detail through the use
of the accompanying drawings, as briefly described below.

FIG. 1 illustrates a schematic diagram of a system for
detecting objects in digital images in accordance with one or
more embodiments.

FIG. 2 illustrates a schematic diagram of automatically
detecting and selecting a query object in an image in
accordance with one or more embodiments.

FIG. 3 illustrates a state diagram of utilizing an object
selection pipeline to detect and select a query object in
accordance with one or more embodiments.

FIG. 4 illustrates a flow chart of detecting a query object
utilizing a known object class detection network in accor-
dance with one or more embodiments.

FIGS. 5A-5B illustrate a schematic diagram of training
and utilizing an object classification neural network in
accordance with one or more embodiments.

FIGS. 6 A-6D illustrate a graphical user interface showing
aprocess of utilizing a known object class detection network
to detect the query object in accordance with one or more
embodiments.

FIG. 7A illustrates a flow chart of detecting a query object
corresponding to an unknown object class utilizing multiple
networks in accordance with one or more embodiments.

FIG. 7B illustrates a schematic diagram of a concept
embedding neural network in accordance with one or more
embodiments.

FIGS. 8A-8D illustrate a graphical user interface showing
a process of utilizing multiple networks to detect the query
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object corresponding to an unknown object class in accor-
dance with one or more embodiments.

FIG. 9 illustrates a flow chart of analyzing a query string
to identify a query object in accordance with one or more
embodiments.

FIG. 10 illustrates a schematic diagram of the object
selection system in accordance with one or more embodi-
ments.

FIG. 11 illustrates a flowchart of a series of acts for
utilizing one of multiple object detection neural networks to
detect a query object in accordance with one or more
embodiments.

FIG. 12 illustrates a block diagram of an example com-
puting device for implementing one or more embodiments
of the present disclosure.

DETAILED DESCRIPTION

This disclosure describes one or more embodiments of an
object selection system that accurately detects and option-
ally automatically selects query objects (e.g., user-requested
objects) in digital images. In particular, in one or more
embodiments, the object selection system can determine an
object detection neural networks to utilize to detect the
query object in the image based on analyzing an object class
of'the query object. In particular, the object selection system
can identify both known object classes as well as objects
corresponding to unknown object classes.

To illustrate, in one or more embodiments, the object
selection system can identify a query object that a user is
requesting to be detected within an image. Based on ana-
lyzing the user query, the object selection system can select
an object detection neural network of a plurality of object
detection neural networks that is best suited to detect the
query object. For instance, if the object class of the query
object is recognized as a known object class, the object
selection system can utilize a known object class detection
neural network to detect the query object within the image.
Alternatively, if the object class of the query object is not
recognized as a known object class, the object selection
system can utilize an unknown object class detection neural
network to detect the query object within the image. Further,
the object selection system can select and provide the query
object to the user within the image.

As mentioned above, the object selection system can
detect objects corresponding to both known and unknown
object classes. In this manner, a user can request that the
object selection system find any type of object rather than an
object belonging to limited classes. Indeed, in some embodi-
ments, the object selection system utilizes an object selec-
tion pipeline that provides a framework for the object
selection system to select the object detection neural net-
work that is best suited to detect the query object requested
by a user.

To illustrate, in one or more embodiments, can analyze a
query object to determine an object type or class. For
example, in one or more embodiments, the object selection
system can detect that the query object corresponds to a
group of known object classes. Alternatively, the object
selection system can determine that the query object is
associated with an unknown object class. Further, based on
the object type or class, the object selection system can
determine which object detection neural network or model
to utilize to optimally detect the query object.

In other words, in embodiments where the query object
corresponds to a known object, the object selection system
can utilize a known object class neural network trained to
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detect known classes of objects that include the known
object class. Likewise, in embodiments where the query
object corresponds to an unknown object (e.g., the object is
not recognized as belonging to a known object class), the
object selection system can utilize an unknown object class
neural network to detect the query object.

As mentioned above, in one or more embodiments, the
object selection system utilizes an object detection neural
network that detects objects having known object classes.
For example, the object selection system can detect that the
query object belongs to a known object class. In general, a
known object class detection neural network is trained to
identify objects corresponding to various object classes. In
some embodiments, the known object class detection neural
network can include a region proposal neural network and
an object classification neural network. Examples of object
classes includes dogs, cars, buildings, bottles, phones, trees
roads, etc. In some embodiments, the object selection sys-
tem identifies a query object by identifying other objects in
the image utilizing a known object class detection neural
network and filters out the other objects that do not corre-
spond to the query object.

Furthermore, as mentioned above, the object selection
system can detect objects having unknown object classes.
For example, the object selection system can determine that
the query object is not associated with a known object class
or other types of objects (e.g., specialty objects, concept
objects). In such embodiments, the object selection system
can use an unknown object class detection neural network
that includes a region proposal neural network and a concept
embedding neural network. In these embodiments, the
object selection system can utilize the region proposal neural
network and the concept embedding neural network to
detect the query object, as described below. Because the
object selection system can detect objects associated with
both known and unknown object classes, the object selection
system can detect any query object that a user may request
be selected or identified in an image.

In some embodiments, the object selection system can
detect objects in connection with a search query. To illus-
trate, in one or more embodiments, the object selection
system can identify a search query that includes a query
object. In response to the search query, the object selection
system object selection system can detect the query object in
one or more digital images using an appropriate detection
neural network. Further, the object selection system can
provide digital images including the query object in
response to the search query.

In alternative embodiments, the object selection system
can detect objects in connection with a selection query (e.g.,
a quest to select a particular object in a digital image). In
response to the selection query, the object selection system
object selection system can detect one or more instances of
the query object a digital images using an appropriate
detection neural network. The object selection system can
then select the detected instances of the query object. In
particular, the object selection system can provide the
detected query object (e.g., an approximate boundary
including the detected query object) to an object mask neural
network. The object mask neural network, in various
embodiments, generates an object mask of the detected
object.

In one or more embodiments, the object selection system
can obtain a query object based on a query string. To
illustrate, the object selection system can detect a query
string from a user requesting the object selection system to
automatically select a given object within an image and/or
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edit the image with respect to the given object. In some
embodiments, the object selection system parses the query
string and/or utilizes natural language processing to deter-
mine parts of speech, such as nouns. For example, a noun in
a query string can correspond to the query object the user is
requesting to be automatically selected in an image.

As previously mentioned, the object selection system
provides numerous advantages benefits, and practical appli-
cations over conventional systems. For example, the object
selection system can detect and select objects across a large
scope of object classes including unknown object classes. As
mentioned above, the object selection system is not limited
to a particular well-known object class but can detect many
known objects (e.g., foreground objects and concept-based
objects) and even unknown objects. In this manner, the
object selection system provides flexibility over conven-
tional systems.

As a further example, the object selection system provides
increased accuracy over conventional systems. For instance,
the object selection system improves object detection accu-
racy by determining the object detection neural network that
best corresponds to a query object from a group of different
object detection neural networks. Indeed, by utilizing an
object detection neural network that is tailored to the query
object, the object selection system achieves improved accu-
racy in object detection as well as object selection.

Furthermore, the object selection system provides
improved efficiency over conventional systems by utilizing
an object selection pipeline in various embodiments. Indeed,
unlike closed end-to-end conventional systems, when a fault
occurs, the object selection system can pinpoint the faulty
component in the object selection pipeline and repair the
component. For example, the object selection system can
replace and/or upgrade components within the object selec-
tion pipeline with more efficient versions.

Additionally, the object selection system significantly
reduces the number of actions that many conventional
systems require of users to select an object within an image.
Rather than the user using inefficient mouse input-based
tools to manually select an object, the user “tells” (e.g.,
provides verbal cues in a query string) the object selection
system which object to select and the object selection system
automatically detects and selects the object. Indeed, the
object selection system greatly simplifies the object selec-
tion process to one or two simple actions by the user.

Additional advantages and benefits of the object selection
system will become apparent in view of the following
description. Further, as illustrated by the foregoing discus-
sion, the present disclosure utilizes a variety of terms to
describe features and advantages of the object selection
system. Before describing the object selection system with
reference to figures below, additional detail is now provided
regarding the meaning of such terms.

As used herein, the term “digital image” (or simply
“image”) refers to a digital graphics file that when rendered
displays one or more objects. In particular, an image can
include one or more objects associated with any suitable
object type or object class. In various embodiments, an
image editing system displays an image on a computing
device, such as a client device. In additional embodiments,
the image editing system enables a user to modify or change
an image as well as generate new images. For example, the
image editing system enables a user to copy an object
selected in a first image over the background of a second
image.

The term “object,” as used herein, refers to a visual
representation of a subject, concept, or sub-concept in an
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image. In particular, an object refers to a set of pixels in an
image that combine to form a visual depiction of an item,
article, partial item, component, or element. An object can
correspond to a wide range of classes and concepts. For
example, objects include specialty objects, conceptual
objects, objects from known-classes, and unknown object
classes (e.g., objects not used in training any of the object
detection neural networks). In some embodiments, an object
includes multiple instances of the object. For example, an
image of a rose bush includes multiple instances of roses. In
one or more embodiments, an object includes sub-objects,
parts, or portions. For example, a person’s face or leg can be
objects that are part of another object (e.g., the person’s
body). As another example, a shirt is an object that can be
part of another object (e.g., a person).

As mentioned above, the object selection system can
accurately detect and automatically select an object within
an image based on a query string. As used herein, the term
“query string” refers to a text string of one or more words
that indicates a target object. A query string can include a
noun representing a query object. In general, the object
selection system receives a query string when a user requests
the object selection system to automatically select an object
in an image. In some embodiments, the query string is
submitted as a text string. In alternative embodiments, the
object selection system detects alternative user input, such
as voice data, and converts the alternative user input into text
to obtain the query string.

As used herein, the term “object mask™ or “segmentation
mask” or “object segmentation” refers to an indication of a
plurality of pixels portraying an object. For example, an
object mask can include a segmentation boundary (e.g., a
boundary line or curve indicating an edge of one or more
objects) or a segmentation mask (e.g., a binary mask iden-
tifying pixels corresponding to an object). Generating an
object mask is sometimes referred to as “selecting” a target
object (i.e., identifying pixels that represent the target
object).

As used herein, the term “approximate boundary” refers
to an indication of an area including an object that is larger
and/or less accurate than an object mask. In one or more
embodiments, an approximate boundary can include at least
a portion of a query object and portions of the image not
comprising the query object. An approximate boundary can
include any shape, such as a square, rectangle, circle, oval,
or other outline surrounding an object. In one or more
embodiments, an approximate boundary comprises a bound-
ing box.

Moreover, an approximate boundary can also encompass
potential objects. As used herein, the term “potential object”
refers to the area or portion of an image that potentially
includes an object or at least a portion of an object (e.g., a
sub-object or object part). In one or more embodiments, the
object selection system utilizes a region proposal neural
network to detect regions or areas of an image that include
potential objects. Further, the object selection system can
indicate the detected potential object by capturing the area of
the image within an approximate boundary. In some embodi-
ments, one or more portions of a potential object go beyond
the approximate boundary, as described above.

As used herein, the term “query object” refers to an object
that is being requested by the user (or other entity) for
detection and selection. For example, a noun in a query
string can indicate the query object. Also, the term “query
string” refers to a text string of one or more words that
indicates an object. In general, the object selection system
receives a query string when a user requests the object
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selection system to automatically select an object in an
image. In some embodiments, the query string is submitted
as a text string. In alternative embodiments, the object
selection system detects alternative user input, such as voice
data, and converts the alternative user input into text to
obtain the query string.

The term “object selection pipeline” refers to a collection
of components and actions utilized to detect and select a
query object in an image. In various embodiments, the
object selection system utilizes a subset of the components
and actions in the object selection pipeline to detect and
select a query object in an image, where output from one
component is provided as input to another component. The
components and actions can include neural networks,
machine-learning models, heuristic models, and/or func-
tions. Further, the components and actions in the object
selection pipeline can be interchangeable, removable,
replaceable, or upgradable, as described in further detail
below.

As mentioned above, the object selection system can
employ machine learning and various neural networks in
various embodiments. The term “machine learning,” as used
herein, refers to the process of constructing and implement-
ing algorithms that can learn from and make predictions on
data. In general, machine learning may operate by building
models from example inputs, such as image exposure train-
ing pairs within a training dataset of images, to make
data-driven predictions or decisions. Machine learning can
include neural networks (e.g., a natural language processing
neural network, a known object class detection neural net-
work, a region proposal neural network, an object classifi-
cation neural network, an unknown object class detection
neural network, a region proposal neural network, a concept
embedding neural network, an object mask neural network,
and/or a selected attribute detection neural network), data-
based models (e.g., a natural language processing model, an
object recognition model, an object classification model, a
known object class detection model, an unknown object
class detection model, a filtering model, a concept embed-
ding model, an object classification model, a region proposal
model, and/or a selection object attribute model), or a
combination of networks and models.

As used herein, the term “neural network™ refers to a
machine learning model that can be tuned (e.g., trained)
based on inputs to approximate unknown functions. In
particular, the term neural network can include a model of
interconnected neurons that communicate and learn to
approximate complex functions and generate outputs based
on a plurality of inputs provided to the model. For instance,
the term neural network includes an algorithm (or set of
algorithms) that implements deep learning techniques that
utilize a set of algorithms to model high-level abstractions in
data using supervisory data to tune parameters of the neural
network. Examples of neural networks include a convolu-
tional neural network (CNN), Region-CNN (R-CNN),
Faster R-CNN, Mask R-CNN, and single shot detect (SSD).

Referring now to the figures, FIG. 1 illustrates a sche-
matic diagram of a system 100 for detecting objects. A
shown, the system 100 can include the object selection
system 106. As shown in FIG. 1, the system 100 includes a
client device 102 and a server device(s) 110 connected via
a network 108. Additional detail regarding computing
devices (e.g., the client device 102 and the server device(s)
110) is provided below in connection with FIG. 12. In
addition, FIG. 12 also provides additional detail regarding
networks, such as the illustrated network 108.
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Although FIG. 1 illustrates a particular number, type, and
arrangement of components within the system 100, various
additional environment configurations are possible. For
example, the system 100 can include any number of client
devices. As another example, the server device(s) 110 can
represent a set of connected server devices. As a further
example, the client device 102 may communicate directly
with the server device(s) 110, bypassing the network 108 or
utilizing a separate and/or additional network.

As shown, the system 100 includes the client device 102.
In various embodiments, the client device 102 is associated
with a user (e.g., a user client device), such as the user that
requests automatic selection of an object in an image. The
client device 102 can include an image editing system 104
and an object selection system 106. In various embodiments,
the image editing system 104 implements the object selec-
tion system 106. In alternative embodiments, the object
selection system 106 is separate from the image editing
system 104. While the image editing system 104 and the
object selection system 106 is shown on the client device
102, in some embodiments, the image editing system 104
and the object selection system 106 are located remotely
from the client device 102 (e.g., on the server device(s) 110),
as further explained below.

The image editing system 104, in general, facilitates the
creation, modification, sharing, and/or deletion of digital
images within applications. For instance, the image editing
system 104 provides a variety of tools related to image
creation and editing (e.g., photo-editing). For example, the
image editing system 104 provides selection tools, color
correction tools, and image manipulation tools. Moreover,
the image editing system 104 can operate in connection with
one or more applications to generate or modify images. For
example, in one or more embodiments, the image editing
system 104 operates in connection with digital design appli-
cations such as ADOBE® PHOTOSHOP®, ADOBE®
ELEMENTS®, ADOBE® INDESIGN®, or other image
editing applications.

In some embodiments, the image editing system 104
provides an intelligent image editing assistant that performs
one or more automatic image editing operations for the user.
For example, given an image of three men, a user requests
that the image editing system “remove the telephone pole.”
As part of fulfilling the request, the image editing system
104 utilizes the object selection system 106 to automatically
select the telephone pole. The image editing system 104 can
then utilize additional system components (e.g., a hole
filling neural network) to remove and replace the selected
telephone pole (e.g., the detected query object).

As mentioned above, the image editing system 104
includes the object selection system 106. As described in
detail below, the object selection system 106 can accurately
detect and automatically select a query object in an image
based on a user’s request (e.g., a user-provided query string).
The object selection system 106, in many embodiments, can
utilize an object selection pipeline to determine which object
detection neural networks to utilized based on the query
object as well as which additional neural networks and/or
models to utilize to select the particular requested query
object.

As shown, the system 100 also includes the server
device(s) 110. The server device(s) 110 includes an object
selection server system 112. For example, in one or more
embodiments, the object selection server system 112 repre-
sents and/or provides similar functionality as described
herein in connection with the object selection system. In
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some embodiments, the object selection server system 112
supports the object selection system 106 on the client device
102.

Indeed, in one or more embodiments, the server device(s)
110 can include all, or a portion of, the object selection
system 106. In particular, the object selection system 106 on
the client device 102 can download an application from the
server device(s) 110 (e.g., an image editing application from
the object selection server system 112) or a portion of a
software application.

In some embodiments, the object selection server system
112 can include a web hosting application that allows the
client device 102 to interact with content and services hosted
on the server device(s) 110. To illustrate, in one or more
embodiments, the client device 102 accesses a web page
supported by the server device(s) 110 that automatically
selects objects in images based on the user indicating a query
object via the client device 102. As another example, the
client device 102 provides an image editing application that
provides the image and the query object to the object
selection server system 112 on the server device(s) 110,
which then detects the query object and provides an object
mask of the detected query object back to the client device
102. Then, utilizing the object mask, the image editing
application on the client device 102 selects the detected
query object.

Turning to FIG. 2, an overview of utilizing the object
selection system to automatically select an object in an
image is shown. In particular, FIG. 2 illustrates a series of
acts 200 of automatically detecting and selecting a query
object in an image in accordance with one or more embodi-
ments. In various embodiments, the object selection system
106 performs the series of acts 200.

As shown in FIG. 2, the object selection system 106
performs an act 202 of identifying a query object to be
detected within an image. For example, a user utilizes an
image editing program to edit an image. While editing the
image, the user desires to select a particular object within the
image. Accordingly, the object selection system 106 can
provide the user with a graphical interface that enables the
user to enter a query object (e.g., via a query string) for
automatic selection. As shown in FIG. 2 in connection with
the act 202, the user provides the query string of “sign” to
be selected from the image of a mountain pass.

In addition, the object selection system 106 performs the
act 204 of determining if the query object corresponds to a
known object class. For example, the object selection system
106 can compare the query object to a list of object classes
to determine if the query object matches or is similar to a
known object class. In some embodiments, the list of object
classes is based on object classes used to train a known
object class neural network.

If the object selection system 106 determines that the
query object corresponds to a known object class, the object
selection system 106 performs the act 206 of detecting the
query object utilizing a known object class neural network.
Indeed, based on determining that the query object of “sign”
corresponds to a known object class, the object selection
system 106 selects the known object class detection neural
network. As shown, in some embodiments, the known object
class neural network can include a region proposal model
and an object classification model.

Alternatively, if the object selection system 106 deter-
mines that the query object does not correspond to a known
object class, the object selection system 106 performs the act
208 of detecting the query object utilizing an unknown
object class neural network. For example, as shown, the
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object selection system 106 can utilize a region proposal
model and a concept embedding model as part of the
unknown object class neural network to detect the query
object associated with an unknown object class.

As illustrated in FIG. 2, the object selection system 106
performs the act 210 of providing the detected query object
within the image. For example, the object selection system
106 can provide the detected query object as a selected
object within the image. In some embodiments, the object
selection system 106 can provide the selected query object
within an image editing application on a client device
associated with the user.

In additional embodiments, upon detecting the query
object, the object selection system 106 can generate an
object mask for the detected query object. For example, the
object selection system 106 can provide the detected object
to an object mask neural network, which generates an object
mask (e.g., selection mask) for the object.

As a note, the object selection system 106 can perform
some of the acts 202-210 in the series of acts 200 in a variety
of orders. For example, the object selection system 106 can
detect potential query object in the image before determin-
ing whether the query object corresponds to a known object
class. In some embodiments, the order utilized by the object
selection system 106 is based on the object type or class of
the query object.

Turning now to FIGS. 3-9, additional detail is provided
regarding the object selection system 106 generating and
utilizing an object selection pipeline to automatically select
and accurately detect objects requested by an object detec-
tion request. In particular, FIG. 3 illustrates an example
embodiment of an object selection pipeline. FIGS. 5-9
illustrate expanded portions of the object selection pipeline
along with example corresponding graphical user interfaces.

As mentioned, FIG. 3 illustrates a schematic diagram of
utilizing an object selection pipeline 300 to detect select a
query object in accordance with one or more embodiments.
In various embodiments, the object selection system 106
performs actions included in the object selection pipeline
300. In alternative embodiments, an image editing system
and/or image editing application can perform one or more of
the included actions described in connection with FIG. 3.

As shown, the object selection pipeline 300 includes an
act 302 of the object selection system 106 obtaining an
image (i.e., a digital image). For example, the object selec-
tion system 106 can detect the user selecting an image to be
loaded into an image editing application, as previously
described. In alternative embodiments, the image can be one
of a plurality of images (e.g., a collection of images in a
database) that the object selection system 106 will analyze
to find an object. In general, the image includes one or more
objects. For instance, the image can include objects of
various types and classes.

In addition, the object selection pipeline includes an act
304 of the object selection system 106 obtaining a query
object. For example, the object selection system 106 can
provide an object selection interface (e.g., shown in FIG.
6A) where a user can enter one or more words indicating the
query object that they would like the object selection system
to automatically select. As mentioned above, in some
embodiments, the object selection system 106 can provide
alternative forms of user input, such as audio input telling
the object selection system 106 to select an object in the
image.

In some embodiments, the act 304 of obtaining a query
object can include the object selection pipeline 300 analyz-
ing a query string to identify the query object. For example,
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the object selection system 106 can detect the object selec-
tion system 106 providing a query string that includes the
query object. Then, by parsing the query string and utilize
natural language processing, the object selection system 106
can identify the query object. Additional detail regarding the
act 304 is provided with respect to FIG. 9 below.

Upon detecting the query object, the object selection
system 106 determines whether the query object is part of a
known object class, as shown in the act 306. For example,
in various embodiments, the object selection system 106 can
utilize an object detection neural network trained to detect
objects belonging to a number of known object classes. In
alternative embodiments, the object selection system 106
can utilize another type of machine-learning object detection
model. Accordingly, the object selection system 106 can
compare the object class of the query object to the known
object classes to determine if the query object is part of the
known object classes. If so, the object selection system 106
can proceed to the act 308 of the object selection pipeline
300. Otherwise, the object selection system 106 can proceed
to the act 310 of the object selection pipeline 300, described
further below.

As just mentioned, the object selection pipeline 300
includes the act 308 of the object selection system 106
detecting the query object utilizing a known object class
network. Known object classes can include object classes
tagged in training images and used to train an object
detection neural network. In alternative embodiments, the
object selection system 106 can utilize another type of
machine-learning known object class detection model.
Accordingly, based on detecting that the query object is
associated with a known object class, the object selection
system 106 can utilize a known object class detection neural
network to optimally detect the query object. Additional
detail regarding the act 308 is provided below with respect
to FIGS. 4-6D.

If the object selection system 106 is unable to determine
an object class corresponding to the query object, the object
selection system 106 can further extend its object recogni-
tion capabilities by detecting objects of unknown categories.
Indeed, in some embodiments, while the list of known object
classes can often number in the hundreds or thousands, the
object selection system 106 can detect a much larger number
of objects by identifying query objects corresponding to
unknown object classes.

To illustrate, if the object selection system 106 determines
in the act 306 that the query object is not part of a known
object class, the object selection system 106 can detect the
query object using an unknown object class detection net-
work to detect the query object, as shown in act 310. As
mentioned above, in various embodiments, the unknown
object class detection network can include a region proposal
model to detect potential objects (i.e., candidate objects) in
the image. In alternative embodiments, the object selection
system 106 can utilize another type of machine-learning
unknown object class detection model. In addition, the
object selection system 106 can utilize the concept embed-
ding model to filter down the potential objects and detect the
query object. Additional detail regarding the act 306 is
provided with respect to FIGS. 7A-8D below.

Upon detecting the query object, either using the known
object class detection network (e.g., the act 308) or the
unknown object class detection network (e.g., the act 310),
the object selection system 106 can provide the detected
object to an object mask neural network. As shown, the
object selection pipeline 300 includes the act 312 of the
object selection system 106 generating an object mask of the
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query object utilizing an object mask model. In various
embodiments, the object selection system 106 can provide a
bounding box to an object mask model, which generates a
mask for the detected query object.

In generating an object mask for a detected query object,
the object mask neural model can segment the pixels in the
detected query object from the other pixels in the image. For
example, the object mask model can create a separate image
layer that sets the pixels corresponding to the detected query
object to positive (e.g., binary 1) while setting the remaining
pixels in the image to a neutral or negative (e.g., binary 0).
When this object mask layer is combined with the image,
only the pixels of the detected query object are visible.
Indeed, the generated object mask can provide a segmenta-
tion that enables selection of the detected query object
within the image.

The object mask model can correspond to one or more
deep neural networks or models that select an object based
on bounding box parameters corresponding to the object
within an image. For example, in one or more embodiments,
the object mask model is an object mask neural network that
utilizes the techniques and approaches found in Ning Xu et
al., “Deep GrabCut for Object Selection,” published Jul. 14,
2017, the entirety of which is incorporated herein by refer-
ence. For example, the object mask neural network can
utilize a deep grad cut approach rather than saliency mask
transfer. As another example, the object mask neural net-
work can utilize the techniques and approaches found in
U.S. Patent Application Publication No. 2019/0130229,
“Deep Salient Content Neural Networks for Efficient Digital
Object Segmentation,” filed on Oct. 31, 2017; P7753; and
U.S. Pat. No. 10,192,129, “Utilizing Interactive Deep Learn-
ing To Select Objects In Digital Visual Media,” filed Nov.
18, 2015, each of which are incorporated herein by reference
in their entirety.

In alternative embodiments, the object mask model uti-
lizes non-neural networks and/or non-machine-learning
techniques to generate an object mask. For example, color
classification system 106 receives an outline of an object via
user input. In another example, the color classification
system 106 creates a rough box near the boundary of the
object to generate the object mask.

As shown in FIG. 3, the object selection pipeline 300
includes the act 314 of the object selection system 106
providing the detected query object within the image to the
user. For instance, the object selection system 106 can
provide the selected query object to the client device asso-
ciated with the user. For example, the object selection
system 106 can automatically select the query object within
the image (e.g., using the object mask) for the user within the
image editing application mentioned above.

In various embodiments, many of the components are
interchangeable with updated versions as well as new com-
ponents. Accordingly, when faults occur, the object selection
system 106 can identify and update the source of the fault.
In addition, the object selection system 106 can also add
further components to the object selection pipeline to
improve the performance of the detected objects in images.

More particularly, upon detecting the location of the fault,
the object selection system 106 can upgrade or replace the
faulty component. For example, the object selection system
106 can replace the faulty component with an improved
version. Similarly, the object selection system 106 can
substitute older components with new components with
newer versions as the newer versions become available.
Further, the object selection system 106 can upgrade and/or
replace components without needing to change, retrain,
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reconfigure, and/or modify other components of the object
selection pipeline. Additionally, the object selection system
106 can continue to utilize the object selection pipeline until
another fault is detected.

Turning to FIG. 4, a flow chart of detecting a query object
utilizing a known object class detection network is illus-
trated in accordance with one or more embodiments. As
described above, FIG. 4 corresponds to the act 308 of the
object selection system 106 detecting the query object
utilizing a known object class network. In particular, FIG. 4
includes various acts 402-410 that provide additional detail
regarding the act 308 of the object selection pipeline 300.

As described above, the object selection system 106
arrives at the act 308 of utilizing a known object class
detection neural network based on determining that the
query object corresponds to a known object class. In some
embodiments, the object selection system 106 can detect
that the query object corresponds to a known object type,
such as a foreground object or a concept-based object. For
example, the object selection system 106 can detect that the
query object is associated with an object class or object type
used to train a known object class detection neural network.

As shown, the act 308 includes the act 402 of the object
selection system 106 detecting objects in the image utilizing
a region proposal neural network. In various embodiments,
the region proposal neural network is part of the known
object class detection neural network or model. For instance,
the region proposal neural network forms one or more layers
of the known object class detection neural network. In
alternative embodiments, the region proposal neural net-
work is separate from the known object class detection
neural network. For example, the region proposal neural
network is separate from the known object class detection
neural network.

In addition, in various embodiments, the object selection
system 106 can utilize the region proposal neural network to
generate bounding boxes for each of the objects or proposed
objects in the image, as shown in the act 404. For example,
the region proposal neural network can create an approxi-
mate boundary around each proposed object. In some
embodiments, the region proposal neural network processes
mini sections of the image (e.g., patch image or a cropped
image portion) to identify smaller objects within the image
that could not be detected with whole image object detection
methods. Accordingly, the region proposal neural network
can generate multiple bounding boxes that each indicate an
object in the image that could potentially be the query object
(e.g., a candidate object).

In various embodiments, the known object class detecting
neural network reduces the number of bounding boxes
utilizing boundary suppression. For example, the known
object class detecting neural network can apply one or more
criteria or heuristics to suppress large redundant boundary
boxes that include multiple smaller boxes. For instance, the
known object class detecting neural network and/or the
object selection system 106 can utilize intersection over
union (IoU) scores to perform the bounding box suppres-
sion. As an example of boundary suppression, the known
object class detecting neural network can suppress (e.g.,
remove) a large box around two smaller bounding boxes as
the large bounding box is redundant. In some embodiments,
this reduction process avoids the object selection system 106
from generating overlapping object masks.

Further, as shown in the act 406, the object selection
system 106 labels each of the objects with an object class
utilizing an object classification neural network. For
instance, the object selection system 106 can utilize the
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object classification neural network to tag each bounding
box with a prediction of one or more known objects iden-
tified within the bounding box. In some embodiments, the
label includes known object detection confidence scores
(e.g., prediction probability scores) for each of the object
class tags. In some embodiments, the known object class
detecting neural network can generate a list of detected
known objects and their corresponding labels to indicate
what objects have been detected in the image.

Generally, the object selection system 106 can train the
object classification neural network to detect and label
objects of known object classes. For example, in various
embodiments, the object selection system 106 trains the
object classification neural network to recognize hundreds of
object classes (e.g., hundreds or thousands of classes).
Indeed, the object selection system 106 can train the object
classification neural network to analyze an image (e.g., an
image patch within the image indicated by a bounding box)
and determine one or more known objects (e.g., proposed
query objects) included in the image. In some embodiments,
the object classification neural network is a CNN (e.g., a
R-CNN or a Faster R-CNN). Additional detail regarding
training and utilizing the object classification neural network
is provided below with respect to FIGS. 5A-5B.

As shown in FIG. 4, the act 308 can include the optional
act 408 of the object selection system 106 filtering out object
class labels that do not correspond to the query object. For
example, in one or more embodiments, the object selection
system 106 can eliminate any of the bounding boxes that
have one or more labels with known object classes that do
not match the query object.

Additionally, or in the alternative, the object selection
system 106 can determine a known object that matches the
query object, as shown in the act 410. In particular, the
object selection system 106 can match the labels for each of
the detected known objects (pre- or post-filtering) to identify
which detected known object matches the query object. In
some embodiments, the object selection system 106 deter-
mines that multiple known detected objects match the query
object. In other words, the image includes multiple instances
of the query object, as described above.

The known object class detection neural network can
correspond to one or more deep neural networks or models
that detect objects of known object classes. For example, the
known object class detection neural network (including the
region proposal neural network) can utilize the techniques
and approaches found in U.S. patent application Ser. No.
16/388,115, “Robust Training of Large-Scale Object Detec-
tors with Noisy Data,” filed on Apr. 8, 2019, which is
incorporated herein by reference in its entirety. Alterna-
tively, the known object class detection neural network
(including the region proposal neural network) can utilize
the techniques and approaches found in S. Ren, K. He, R.
Girshick, and J. Sun, Faster r-cnn: Towards real-time object
detection with region proposal networks, NIPS, 2015, the
entire contents of which are hereby incorporated by refer-
ence. Further, the object selection system 106 can addition-
ally or alternatively utilize other object detection models or
techniques for detecting objects of known classes.

As mentioned above, FIGS. 5A-5B illustrate example
diagrams of training an example object classification neural
network. In particular, FIG. 5A illustrates training an object
classification neural network 510 using training data 502.
FIG. 5B illustrates the object selection system 106 utilizing
the trained object classification neural network according to
one or more embodiments.
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In various embodiments, the object selection system 106
obtains a set of objects corresponding to various object
classes from one or more sources. For example, the object
selection system 106 obtains objects from one or more
object repositories (e.g., a local or third-party source). As
part of obtaining objects, the object selection system 106 can
also obtain object classifications corresponding to the
objects. In some instances, the object classifications are
provided by user input, such as by an object curator. In other
instances, the object classifications are automatically gen-
erated.

In various embodiments, the object selection system 106
randomly introduces deviations into the object images 504.
For example, the object selection system 106 randomly
introduces noise (e.g., small Gaussian noise), blur (e.g.,
random Gaussian blur), perspective rotation (e.g., a ran-
domly-parameterized affine transformation), and/or shading
(e.g., random gradients that fill the input image) into some
of the object images 504. These deviations add robustness
while training each object neural network as well as enable
the a trained object classification neural network 510 to
better classify query objects in images.

In one or more embodiments, the object classification
neural network 510 is a convolutional neural network
(CNN). In some embodiments, the object classification
neural network 510 is a deep learning convolutional neural
network. In alternative embodiments, the object tag recog-
nition neural network 510 is a different type of neural
network.

In various embodiments, the object selection system 106
trains the object classification neural network 510 to classify
(e.g., identify or predict) the classification (e.g., name or
category) of an image of a query object. Indeed, the object
classification neural network 510 can be designed as a
single-label learning task network to predict a single object
classification (e.g., each object only has one object name).

As shown, the object classification neural network 510
includes lower neural network layers 512 and higher neural
network layers 516. In general, the lower neural network
layers 512 collectively form an encoder and the higher
neural network layers 516 collectively form a decoder or
object classifier. In one or more embodiments, the lower
neural network layers 512 are convolutional layers that
encode object images 504 into hidden encoded features
represented as object classification feature vectors 514.

As just mentioned, the lower neural network layers 512
can generate object classification feature vectors 514. Each
dimension in an object classification vector provides hidden
or latent representations of features of the image 504 being
processed by the object classification neural network 510.

The higher neural network layers 516 can comprise
fully-connected layers that classify the object classification
feature vectors 514 and output object classification prob-
abilities 518 (e.g., an object classification probability vec-
tor). In various embodiments, the higher neural network
layers 516 include a SoftMax classifier that predicts the
object classification best corresponds to each given input
object (e.g., an object image). Indeed, the SoftMax classifier
outputs an object classification prediction 518 that is n-di-
mensional and all the entries in the vector sum to one (e.g.,
to accommodate the single-label learning task). The object
selection system 106 selects the entry in the object classi-
fication prediction vector with the highest prediction prob-
ability as the predicted object classification for the given
input object image.

In various embodiments, the object selection system 106
can train the object classification neural network 510 by
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providing (e.g., feeding) object images 504 from the training
data 502 to the object classification neural network 510. The
object classification neural network 510 can encode the
object images 504 to generate the object classification
feature vectors 514. In addition, the object classification
neural network 510 can classify the object classification
feature vectors 514 (e.g., utilizing a SoftMax object classi-
fier) to generate the object classification probabilities 518.

In addition, during training, the object selection system
106 can provide the object classification prediction 518 to an
object classification loss model 520. In various embodi-
ments, the object classification loss model 520 compares the
classified object indicated in the object classification pre-
diction 518 to object classifications 506 (e.g., ground truth)
corresponding to the object images 504 to determine an
amount of object classification error loss (or simply “clas-
sification loss™). Indeed, the object selection system 106 can
compare the object classification prediction 518 to the object
classifications 506 from the training data 502 to determine
the accuracy and/or classification loss of the object classi-
fication.

Further, the object selection system 106 can utilize the
classification loss to train and optimize the neural network
layers of the object classification recognition neural network
510 via back propagation and end-to-end learning. Indeed,
in various embodiments, the object selection system 106
back propagates the classification loss to tune the object
classification feature parameters within layers of the object
classification recognition neural network 510. For instance,
in one or more embodiments, the object selection system
106 takes the classification loss output from the object
classification loss model 520 and provides it back to the
lower neural network layers 512 and/or the higher neural
network layers 516 using the Adam optimizer. In this
manner, the object selection system 106 can iteratively train
the object classification neural network 510 to learn a set of
best-fit parameters that extract object features from an object
image and accurately classify (e.g., predict, identify, and/or
label) the object within the image.

Upon training the object classification neural network
510, the object selection system can utilize the trained object
classification neural network to retrieve object classes for
input images. To illustrate, FIG. 5B shows a diagram of
identifying object classes of images utilizing a trained object
classification neural network 511 in accordance with one or
more embodiments.

As shown, FIG. 5B the object selection system 106
provides an input image 530 showing a bike to the trained
object classification neural network 511. In various embodi-
ments, the input image 530 is a patch image of the digital
image described above (e.g., the bike is a cropped portion
from a larger image provided to a user). More particularly,
the region proposal neural network identifies one or more
patch images (e.g., indicated by bounding boxes) that each
include an object, which the object selection system 106
provides to the trained object classification neural network
511.

In response to receiving the input image 530, the object
selection system 106 can determine one or more feature
vectors for the object found within the input image 530. In
particular, the object selection system 106 can utilize the
trained encoder 513 of the trained object classification
neural network 511 to extract the one or more object
classification feature vectors 514 based on encoding the
input image 530.

Using the object classification feature vectors 514 gener-
ated by the trained encoder 513, the object selection system
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106 can generate an object classification prediction vector
that identifies a correspondence between the input image
530 and each known object class. In various embodiments,
the object selection system 106 can utilize a trained object
classifier 517 of the trained object classification neural
network 511 to generate an object classification prediction
vector for the input image 530. For example, if 5,000 object
classes were used to train the trained object classification
neural network 511, the object selection system 106 would
generate a 5,000-dimentional object classification probabil-
ity vector that indicates the probability that the input image
530 matches each of the 5,000 known object classes.

Further, the object selection system 106 can identify an
object class from the object classification prediction vector.
For example, the object selection system 106 can identify
which object class in the object classification prediction
vector generated by the trained object classifier 517 has the
highest correspondence (e.g., similarity score) with the input
image 530. The object selection system 106 can select this
object class as the identified object class 532 corresponding
to the input image 530.

Upon determining the identified object class 532, the
object selection system 106 can label the input image 530
with the identified object class 532. For example, if the input
image 530 corresponds to a bounding box within a large
digital image, the object selection system 106 can label the
bounding box with the identified object class 532. In addi-
tion, the object selection system 106 can utilize the trained
object classification neural network 511 to classify each
identified object within the digital image. Further, once each
of objects detected by the region proposal neural network
are labeled utilizing the trained object classification neural
network 511, the object selection system 106 can determine
which of the labeled objects match the query object, as
described above.

In connection with FIGS. 4-5B, FIGS. 6A-6B provide an
illustration of a graphical user interface for detecting a query
object corresponding to a known object class. In particular,
FIGS. 6A-6D illustrate a graphical user interface 602 that
illustrates the object selection system 106 utilizing a known
object class detection neural network to detect the query
object in accordance with one or more embodiments. The
client device 600 in FIGS. 6A-6D can represent the client
device 102 introduced above with respect to FIG. 1. For
instance, the client device 600 includes an image editing
application that implements the image editing system 104
having the object selection system 106. For example, the
graphical user interface 602 in FIGS. 6A-6D can be gener-
ated by the image editing application.

As shown in FIG. 6A, the graphical user interface 602
includes the image editing application displaying an image
604 (e.g., a woman with a tortoise in front of a row of trees).
Additionally, the image editing application includes various
tools having image selection and editing options. For
example, the image editing application includes an object
selection interface 606. As shown, the object selection
interface 606 includes selectable options to confirm or
cancel an object detection request. In some embodiments,
the object selection interface 606 includes additional ele-
ments, such as a selectable option to capture audio input
from a user dictating the query string.

As shown, the object selection system 106 enables the
user to provide a query string within the object selection
interface 606. In some embodiments, the object selection
system 106 can enable a user to provide the audio or other
input to indicate a query string. For example, the client
device 600 can include a microphone that captures the user
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speaking the query string and speech-to-text processing to
convert the query string to text.

In one or more embodiments, the object selection system
106 can provide the object selection interface 606 within the
image editing application in response to the user selecting a
selection tool within the image editing application. As
shown, the object selection interface 606 enables a user to
request automatic detection of an object within the image
604 c.g., the query object). For example, the object selection
system 106 detects a query string provided by the user
requesting automatic selection of a query object (i.e., “tor-
toise™) in the image 604.

As explained previously, upon the user providing the
query object (e.g., within a query string), the object selection
system 106 can utilize the object selection pipeline 300 to
determine how to optimally detect the requested object. In
this illustrative example, the object selection system 106 can
determine that the query object in the query string is the
“tortoise.” Based on identifying the query object, the object
selection system 106 can determine that the query object
corresponds to a known object class used in training a
known object class detection neural network. Accordingly,
the object selection system 106 can select and utilize the
known object class detection neural network (e.g., the act
308 of the object selection pipeline 300).

As shown in FIG. 6B, the object selection system 106 can
utilize the known object class detection neural network to
detect known objects 608a-608f within the image 604. As
described above, the known object class detection neural
network can detect candidate objects within the image 604,
generate bounding boxes around the candidate objects, and
tag each of the bounding boxes with object class labels to
create the known objects 6084-608f (e.g., labeled detected
objects). As shown, the known object class detection neural
network can detect the known objects of trees 608a-608d, a
woman 608e, and a turtle 608/

In some embodiments, the known object class detection
neural network can tag the known objects 6084-608f with
additional data. For example, the known object class detec-
tion neural network adds a confidence score indicating how
well a known object corresponds to the identified object
class. In another example, the known object class detection
neural network adds a secondary known object class pre-
dictions and/or other identified object classes that are above
a threshold correlation value.

As described above, in some embodiments, the known
object class detection neural network can filter out detected
known objects that do not match the query object. For
example, given the query object of “tortoise,” the known
object class detection neural network can disregard the
detected known objects corresponding to the trees 608a-
608d and the woman 608e. Additionally, or in the alterna-
tive, the known object class detection neural network can
identify the detected known object having the same object
class as the query object. For instance, the known object
class detection neural network determines that the detected
turtle 608/ matches the object class query object of “tor-
toise” (e.g., has a correspondence score above a matching
threshold number). As shown, FIG. 6C indicates the tortoise
as the detected query object 610.

Upon identifying the detected query object 610, the object
selection system 106 can select the object for the user. To
illustrate, FIG. 6D shows the object selection system 106
automatically selecting the detected known object (i.e., the
tortoise). In particular, as described above, the object selec-
tion system 106 can provide the detected query object 610
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to an object mask neural network and/or generate an object
mask of the detected query object 610, resulting in a selected
query object 612.

Further, as shown in FIG. 6D, the object selection system
106 can provide the selected query object 612 in response to
the selection query (e.g., the query string). Indeed, the object
selection system 106 can automatically (e.g., without user
input beyond providing the query string) select the tortoise
for the user within the image editing application by provid-
ing a mask of the tortoise.

As a note, FIGS. 6B and 6C show the object selection
system 106 utilizing the known object class detection neural
network detecting the query object. In many embodiments,
the object selection system 106 does not display intermedi-
ary actions to the user. Rather, the object selection system
106 appears to automatically detect and accurately select the
query object in response to the user’s query string request.
In other words, the graphical user interface 602 jumps from
FIG. 6A to FIG. 6D. In alternative embodiments, the object
selection system 106 displays one or more of the interme-
diary actions to the user. For example, the object selection
system 106 displays the bounding boxes of each detected
object with labels, as shown in FIG. 6C.

FIGS. 4-6D describe various embodiments of detecting a
query object in one or more digital images utilizing a known
object class detection model. Accordingly, the actions, algo-
rithms, and models described in connection with FIGS. 4-6D
provide example structure and architecture for performing a
step for detecting the query object in one or more digital
images utilizing a known object class detection model.

Turning to FIG. 7A, a flow chart of detecting a query
object corresponding to an unknown object class utilizing
multiple networks is illustrated in accordance with one or
more embodiments. As mentioned above, FIG. 7A corre-
sponds to the act 310 of detecting the query object utilizing
an unknown object class network within the object selection
pipeline 300 described above in connection with FIG. 3. In
particular, FIG. 7A includes various acts 702-714 that pro-
vide additional detail regarding the act 310.

As shown, the act 310 of detecting the query object
utilizing an unknown object class network can further
include the act 702 of the object selection system 106
detecting potential objects in the image utilizing a region
proposal neural network. In one or more embodiments, the
region proposal neural network corresponds to the region
proposal neural network described above in connection with
FIG. 4 and act 402. For example, in some instances, the
region proposal neural network forms the first part of the
known object class detection neural network. In other
instances, the region proposal neural network is a standalone
neural network utilized to identify potential objects for use
with both known and unknown object class neural networks.

As described above in connection with the act 402, the
region proposal neural network can identify potential
objects. With respect to the act 702, the object selection
system 106 can utilize the region proposal neural network to
identify potential objects for which no known object class is
recognized. For example, the region proposal neural net-
work can utilize similar techniques to identify potential
objects within the image, but does not try to predict, identify,
or label object classes for the potential objects.

In alternative embodiments, the region proposal neural
network is separate from the region proposal neural network
described above. For example, the region proposal neural
network in the act 702 is a region proposal neural network
that identifies sub-regions of the image that encompass
potential objects (e.g., patches or patch images). Indeed, the
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region proposal neural network is trained to identify and
indicate portions of the image (i.e., regions) that include a
potential object.

Upon detecting potential objects, the region proposal
neural network can generate approximate boundaries (e.g., a
bounding box) for each of the potential objects, as shown in
the act 704. At this point, each unlabeled bounding box
includes a potential candidate object that could correspond
to the query object. Upon detecting potential objects within
the image, the object selection system 106 can determine if
any of the potential objects correspond to the query object.
To illustrate, the act 310 can further include the act 706 of
the object selection system 106 determining a vector for
each potential object (e.g., an image embedding). For
example, the object selection system 106 can utilize a
concept embedding neural network (or another type of
machine-learning concept embedding model) to generate an
image vector for each portion to the image (e.g., bounding
boxes) that includes a potential object.

As also shown, the act 310 can also include the act 708 of
determining a vector for the query object (e.g., a topic
embedding). In particular, the object selection system 106
can utilize the concept embedding neural network to gen-
erate a word vector for the query object from the query
string. In one or more embodiments, the concept embedding
neural network can generate the image vectors and the word
vector in the same vector space.

As mentioned above, the object selection system 106 can
train the concept embedding neural network to map images
and text that represent the same object, object class, and/or
object-based concept to the same location in vector space
(e.g., embedded space). To illustrate, in some embodiments,
the object selection system 106 can train the concept embed-
ding neural network using training data that includes around
20,000 object classes and corresponding images samples.
Through training, the concept embedding neural network
can generate a shared embedding vector space as well as
learns how to generate embeddings for both potential objects
(e.g., images) and query objects (e.g., text) that map to the
shared embedding vector space.

For each image of a potential object, the object selection
system 106 can determine a correspondence with the query
object. To illustrate, the act 310 can further include the act
710 of the object selection system 106 generating a corre-
lation score by measuring the similarity between each poten-
tial object vector and the query object vector. In other words,
the object selection system 106 can determine which poten-
tial object embedding vector is closest to the query object
embedding vector in learned vector space. In some embodi-
ments, the object selection system 106 can rank the potential
objects based on their distance from the query object in
vector space.

Further, the object selection system 106 can generate a
correlation score to indicate the similarity between each
potential object and the query object. In some embodiments,
the correlation score for a potential object is inversely
proportional to the vector space distance between the poten-
tial object and the query object. Accordingly, the smaller the
vector space distance between embeddings, the larger the
correlation score. In a number of embodiments, the object
selection system 106 generates a correlation score between
0-100 (e.g., an absolute score or percentage) to indicate the
similarity between a potential object and the query object.

As shown in FIG. 7A, the act 310 can further include the
optional act 712 of the object selection system 106 filtering
out the potential objects with correlation scores below a
similarity threshold. In some embodiments, the object selec-
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tion system 106 can utilize a similarity threshold to deter-
mine which potential objects likely match the query object.
For example, potential objects having less than a 75%
correlation score with the query object are filtered out and
ignored. In some embodiments, the object selection system
106 filters out the bottom x percent of the potential objects
(e.g., disregards the bottom 90%) from consideration as the
query object. In many instances, by filtering out potential
objects having low confidence scores, the object selection
system 106 can achieve object detection results similar to
the known object class detection neural network described
above.

Next, the object selection system 106 can detect the query
object from the potential objects. For example, as shown in
FIG. 7A, the act 310 further includes the act 714 of the
object selection system 106 detecting the query object in the
image based on the correlation scores. In one or more
embodiments, the object selection system 106 can select the
potential object that has the highest correlation score as the
detected query object. In some embodiments, the object
selection system 106 selects the top number or percentage of
potential objects as instances of the detected query object. In
other embodiments, the object selection system 106 deter-
mines that each potential object remaining after filtering
(e.g., the act 712) is an instance of the detected query object,
particularly if the similarity threshold is high (e.g., above
90%).

In some embodiments, the object selection system 106
can label the bounding box of a detected query object. For
example, upon determining that a potential object in the
image correlates with the query object, the object selection
system 106 can tag the bounding box of the detected query
object with a label matching the query object and/or the
object class of the query object. In additional embodiments,
the object selection system 106 can also tag the bounding
box of the detected query object with a label indicating the
determined correlation score for the potential object, which
is described above.

The concept embedding neural network can correspond to
one or more deep neural networks or models that map visual
images and text strings to a shared embedding vector space.
For example, the concept embedding neural network can
utilize the techniques and approaches found in U.S. Pat. No.
10,216,766, “Large-Scale Image Tagging Using Image-To-
Topic Embedding,” filed Mar. 20, 2017, which is incorpo-
rated herein by reference in its entirety. Alternatively, the
concept embedding neural network can utilize the tech-
niques and approaches found in U.S. patent application Ser.
No. 15/921,492, “Detecting Objects Using A Weakly Super-
vised Model,” filed Mar. 14, 2018, which is incorporated
herein by reference in its entirety. In some embodiments, as
described above, the color classification system 106 utilizes
a machine-learning concept embedding model rather than
the concept embedding neural network.

Upon selecting one or more instances of the detected
query object, the object selection system 106 can provide the
one or more instances of the detected query object to the
object mask network, as described above (e.g., the act 312
of the object selection pipeline 300). In addition, the object
selection system 106 can further train the concept embed-
ding neural network to generate an object mask from one or
more instances of a detected query object.

FIG. 7B illustrates one embodiment of a concept embed-
ding neural network. Specifically, as shown the concept
embedding neural network can comprise an image embed-
ding neural network 722. For example, the image embed-
ding neural network 722 can comprise a three-layer fully-

10

15

20

25

30

35

40

45

50

55

60

65

22

connected neural network with each fully-connected layer
followed by a batch normalization layer and a rectified linear
unit (“RelL.U”) non-linear activation layer. The image
embedding neural network 722 can take an image 720 can
generate an image embedding 724.

Additionally, the concept embedding neural network can
generate a topic embedding 728 from a query string 726. The
concept embedding neural network can generate a topic
embedding from a query string using a word to vector
algorithm or the techniques described in U.S. patent appli-
cation Ser. No. 15/921,492, “Detecting Objects Using A
Weakly Supervised Model.” The concept embedding neural
network can then compare the image embedding with the
topic embedding. For example, the concept embedding
neural network can use a cosine similarly loss to compare
the image embedding e and the topic embedding t. For
example, the concept embedding neural network can use a
cosine similarity measure. The concept embedding neural
network can repeat this process for each potential object.
The concept embedding neural network can then identify the
potential object with the highest similarity measure to the
topic embedding 724 as the query object.

FIGS. 8A-8D illustrate a graphical user interface 802 that
illustrates the object selection system 106 utilizing an
unknown object class detection model to detect a query
object corresponding to an unknown object class in accor-
dance with one or more embodiments. For ease in explana-
tion, FIGS. 8 A-8D include the client device 600 introduced
above. For example, the client device 600 includes an image
editing application that implements the image editing system
104 that utilizes the object selection system 106.

As shown in FIG. 8A, the graphical user interface 802
includes an image 804 within an image editing application.
The image 804 shows a road disappearing through a moun-
tain pass, where a road sign is to the right of the road. As also
shown, the image editing application includes various tools
(e.g., a vertical toolbar) having selection options as well as
other image editing options. In addition, the graphical user
interface 802 includes an object selection interface 806, as
described above in connection with FIG. 6 A, where the user
provides the query object of “Sign” within a query string.

As explained previously, upon the user providing the
query string, the object selection system 106 can utilize the
object selection pipeline 300 to determine how to optimally
detect the requested object. In this illustrative example, the
object selection system 106 can determine that the query
object in the query string is “sign.” Based on the query
object, the object selection system 106 can determine that
the query object does not correspond to a known object class
used to train a known object class detection neural network.
Accordingly, the object selection system 106 can select and
utilize the unknown object class detection model to detect
the query object corresponding to an unknown object class
(e.g., the act 310 of the object selection pipeline 300).

As shown in FIG. 8B, the object selection system 106 can
utilize a region proposal neural network (i.e., a region
proposal neural network) to identify potential objects 808a-
808¢ within the image 804 (e.g., known objects and/or
unknown objects). Upon detecting potential objects within
the image 804, the object selection system 106 can generate
bounding boxes around the objects (e.g., bounding boxes).
However, the object selection system 106 does not tag or
label the bounding boxes, as the contents of the boxes are
unknown. As shown in FIG. 8B, the object selection system
106 detects three potential objects 8084-808¢ in the image
804.



US 12,093,306 B2

23

Upon determining the potential objects 808a-808¢, the
object selection system 106 can utilize a concept embedding
neural network to identify correlation scores between each
of the potential objects 808a-808¢ and the query object. For
example, the object selection system 106 can generate an
embedding for each of the potential objects 808a-808¢, as
well as an embedding for the query object utilizing the
concept embedding neural network. Then, the object selec-
tion system 106 can compare each of the potential object
embeddings to the query object embedding to determine
correlation scores, as described above. While not shown, the
object selection system 106 can determine a favorable
correlation score for the third potential object 808c¢ of the
sign and the query object of “sign.”

As shown in FIG. 8C, the object selection system 106
selects the third potential object 808¢ as the detected query
object 810. As described above, in some embodiments, the
object selection system 106 can filter out potential objects
8084-808¢ that have low correlation scores to aid in select-
ing the detected query object. For instance, the object
selection system 106 can filter out the first potential object
808a and the second potential object 8085 based on their
correlation scores not satisfying a similarity threshold. Here,
the object selection system 106 is left to select the remaining
potential object—the third potential object 808c—as the
detected query object 810. Additionally, or in the alternative,
the object selection system 106 can select the third potential
object 808¢ as the detected query object 810 based on the
third potential object 808¢ having the most favorable (e.g.,
highest) correlation score among the potential objects 808a-
808c.

Upon identifying the query object 810, the object selec-
tion system 106 can select the object for the user. To
illustrate, FIG. 8D shows the object selection system 106
automatically selecting the detected query object 810. In
particular, as described above, the object selection system
106 can provide the detected query object 810 to an object
mask neural network and/or generate an object mask of the
detected query object 810, resulting in a selected query
object 812. Further, the object selection system 106 can
provide the selected query object 812 to a user. Indeed, as
shown in FIG. 8D, the object selection system 106 auto-
matically selects the sign for the user within the image
editing application.

Notably, FIGS. 8B and 8C show the object selection
system 106 utilizing the region proposal neural network and
the concept embedding neural network to detect the query
object (e.g., the unknown object class detection model). In
many embodiments, the object selection system 106 does
not display corresponding actions to the user. Rather, the
object selection system 106 appears to automatically detect
and accurately select the query object in response to the
user’s query string request (e.g., the graphical user interface
802 jumps from FIG. 8A to FIG. 8D).

FIGS. 7A-8D describe various embodiments of detecting
a query object in one or more digital images utilizing an
unknown object class detection model. Accordingly, the
actions, algorithms, and models described in connection
with FIGS. 7A-8D provide example structure and architec-
ture for performing a step for detecting the query object in
one or more digital images utilizing an unknown object class
model.

Turning now to the next figure, FIG. 9 illustrates a flow
chart of obtaining a query object in accordance with one or
more embodiments. As mentioned above, FIG. 9 corre-
sponds to the act 304 of the object selection pipeline 300
described above in connection with FIG. 3. In particular,
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FIG. 9 includes various acts 902-908 that provide additional
detail regarding the act 306 of the object selection pipeline
300.

As shown, the act 306 can include the act 902 of the object
selection system 106 receiving a query string that includes
a query object. For example, the object selection system 106
can provide an object selection interface (e.g., shown in FIG.
6A) where a user can enter one or more words indicating the
object that they would like the object selection system to
automatically select. As described above, in some embodi-
ments, the object selection system 106 can enable alternative
forms of user input, such as audio input telling the object
selection system 106 to select an object in the image.

As shown, the act 306 can include the act 904 of the object
selection system 106 parsing the query string to identify one
or more input words. For example, in various embodiments,
the object selection system 106 separates the query string
into individual words. For instance, the object selection
system 106 assigns each word in the query string to an
element of a vector that corresponds to the query string.
Also, as mentioned above, in some embodiments, the query
string is made up of a single word.

As also shown, the act 306 can include the act 906 of the
object selection system 106 utilizing natural language pro-
cessing to determine word classes for each of the one or
more input words. Indeed, upon parsing out each word in the
query string, the object selection system 106 can classify and
assign each input word in the query string to a word classes.
In various embodiments, word classes include parts of
speech (e.g., nouns, proper nouns, verbs, articles, adjectives,
adverbs, pronouns, prepositions, or conjunctions).

In one or more embodiments, the object selection system
106 can utilize a machine-learning model trained based on
natural language processing to identify the word class of
each word in the query string. For example, the object
selection system 106 trains and/or utilizes a long-short-term
memory (LSTM) neural network to identify the word class
for each of the words in the query string. In alternative
embodiments, the object selection system 106 can utilize
other methods to determine the word class for input words
in the query string.

As shown, the act 306 can include the act 908 of the object
selection system 106 identifying a noun indicating the query
object. More specifically, upon assigning word classes for
each of the words, the object selection system 106 can
identify a noun in the query string. Primarily, the noun in the
query string corresponds to the query object. Often, when
the query string includes a single word, the word is a noun
corresponding to the query object.

In some instances, the query string includes multiple
nouns. In these instances, the object selection system 106
can determine if the two nouns are connected to indicate a
single query object (e.g., “German” and “Shepard”). In
alternative embodiments, the object selection system 106
can determine whether the query string includes multiple
query objects for the object selection system 106 to auto-
matically select.

Similarly, in one or more embodiments, the object selec-
tion system 106 can filter out words of the query string, such
as articles (e.g., “the,” “a,” “an”). In some embodiments, the
object selection system 106 can identify conjunctions, which
indicate the possibility of multiple query objects being
requests and/or multiple object attributes being provided.
Similarly, in some embodiments, the object selection system
106 identifies negative words, such as the “not,” “except,” or
“without,” which can indicate exclusion of a particular
object when selecting the query object.
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Referring now to FIG. 10, additional detail is provided
regarding capabilities and components of the object selec-
tion system 106 in accordance with one or more embodi-
ments. In particular, FIG. 10 shows a schematic diagram of
an example architecture of the object selection system 106
implemented within the image editing system 104 and
hosted on a computing device(s) 1000. The image editing
system 104 can correspond to the image editing system 104
described previously in connection with FIG. 1.

As shown, the object selection system 106 is located on
a computing device(s) 1000 within an image editing system
104. In general, the computing device(s) 1000 may represent
various types of client devices. For example, in some
embodiments, the client is a mobile device, such as a laptop,
a tablet, a mobile telephone, a smartphone, etc. In other
embodiments, the computing device(s) 1000 is a non-mobile
device, such as a desktop or server, or another type of client
device. Additional details with regard to the computing
device(s) 1000 are discussed below as well as with respect
to FIG. 12.

As illustrated in FIG. 10, the object selection system 106
includes various components for performing the processes
and features described herein. For example, the object
selection system 106 includes a digital image manager 1010,
a user input detector 1012, an object detection neural net-
work manager 1014, an object mask generator 1016, and a
storage manager 1020. As shown, the storage manager 1020
includes digital images 1022, object detection neural net-
works 1024, and an object mask model 1026. Each of the
components mentioned above is described below in turn.

As mentioned above, the object selection system 106
includes the digital image manager 1010. In general, the
digital image manager 1010 facilitates identifying, access-
ing, receiving, obtaining, generating, importing, exporting,
copying, modifying, removing, and organizing images. In
one or more embodiments, the digital image manager 1010
operates in connection with an image editing system 104
(e.g., an image editing application) to access and edit
images, as described previously. In some embodiments, the
digital image manager 1010 communicates with the storage
manager 1020 to store and retrieve the digital images 1022,
for example, within a digital image database managed by the
storage manager 1020.

As shown, the object selection system 106 includes the
user input detector 1012. In various embodiments, the user
input detector 1012 can detect, receive, and/or facilitate user
input on the computing device(s) 1000 in any suitable
manner. In some instances, the user input detector 1012
detects one or more user interactions (e.g., a single interac-
tion, or a combination of interactions) with respect to a user
interface. For example, the user input detector 1012 detects
auser interaction from a keyboard, mouse, touch page, touch
screen, and/or any other input device in connection with the
computing device(s) 1000. For instance, the user input
detector 1012 detects user input of a query string submitted
from an object selection interface requesting automatic
selection of an object within an image.

As shown, the object selection system 106 includes the
object detection neural network manager 1014. In various
embodiments, the object detection neural network manager
1014 maintains, creates, generates, trains, updates, accesses,
and/or utilizes the object detection neural networks dis-
closed herein. As described above, the object detection
neural network manager 1014 detects one or more objects
within an image (e.g., a query object) and generates an
approximate boundary (e.g., a bounding box) to indicate the
detected object.
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In addition, in a number of embodiments, the object
detection neural network manager 1014 can communicate
with the storage manager 1020 to store, access, and utilize
the object detection neural models 1024. In various embodi-
ments, the object detection neural networks 1024 include
one or more known object class detection models 1034 (e.g.,
known object class detection models neural networks),
unknown object class detection models 1036 (e.g., unknown
object class detection neural networks), models 1038 (e.g.,
region proposal neural networks), and concept embedding
models 1040 (e.g., concept embedding neural networks),
each of which are described above in detail.

In addition, as shown, the object selection system 106
includes the object mask generator 1016. In one or more
embodiments, the object mask generator 1016 produces,
creates, and/or generates accurate object masks from
detected objects. For example, the object detection neural
network manager 1014 provides a boundary of an object
(e.g., a detected query object) to the object mask generator
1016, which utilizes the object mask model 1026 (e.g.,
object mask neural network) to generate an object mask of
the detected object, as described above. As also explained
above, in various embodiments, the object mask generator
1016 generates multiple object masks when multiple
instances of the query object are detected.

Each of the components 1010-1040 of the object selection
system 106 can include software, hardware, or both. For
example, the components 1010-1040 can include one or
more instructions stored on a computer-readable storage
medium and executable by processors of one or more
computing devices, such as a client device (e.g., a mobile
client device) or server device. When executed by the one or
more processors, the computer-executable instructions of
the object selection system 106 can cause a computing
device to perform the feature learning methods described
herein. Alternatively, the components 1010-1040 can
include hardware, such as a special-purpose processing
device to perform a certain function or group of functions.
In addition, the components 1010-1040 of the object selec-
tion system 106 can include a combination of computer-
executable instructions and hardware.

Furthermore, the components 1010-1040 of the object
selection system 106 may be implemented as one or more
operating systems, as one or more stand-alone applications,
as one or more modules of an application, as one or more
plug-ins, as one or more library functions or functions that
may be called by other applications, and/or as a cloud-
computing model. Thus, the components 1010-1040 may be
implemented as a stand-alone application, such as a desktop
or mobile application. Additionally, the components 1010-
1040 may be implemented as one or more web-based
applications hosted on a remote server. The components
1010-1040 may also be implemented in a suite of mobile
device applications or “apps.” To illustrate, the components
1010-1040 may be implemented in an application, including
but not limited to ADOBE® INDESIGN®, ADOBE ACRO-
BAT®, ADOBE® ILLUSTRATOR®, ADOBE PHOTO-
SHOP®, ADOBE® CREATIVE CLOUD®  software.
“ADOBE,” “INDESIGN” “ACROBAT,” “ILLUSTRA-
TOR,” “PHOTOSHOP,” and “CREATIVE CLOUD” are
either registered trademarks or trademarks of Adobe Sys-
tems Incorporated in the United States and/or other coun-
tries.

FIGS. 1-10, the corresponding text, and the examples
provide a number of different methods, systems, devices,
and non-transitory computer-readable media of the object
selection system 106. In addition to the foregoing, one or
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more embodiments can also be described in terms of flow-
charts comprising acts for accomplishing a particular result,
such as the flowcharts of acts shown in FIG. 11. Addition-
ally, the acts described herein may be repeated or performed
in parallel with one another or parallel with different
instances of the same or similar acts.

As mentioned, FIG. 11 illustrates a flowchart of a series
of acts 1100 for utilizing one of multiple object detection
neural networks to detect a query object in accordance with
one or more embodiments. While FIG. 11 illustrates acts
according to one embodiment, alternative embodiments may
omit, add to, reorder, and/or modify any of the acts shown
in FIG. 11. The acts of FIG. 11 can be performed as part of
a method. Alternatively, a non-transitory computer-readable
medium can comprise instructions that, when executed by
one or more processors, cause a computing device to per-
form the acts of FIG. 11. In some embodiments, a system can
perform the acts of FIG. 11.

In one or more embodiments, the series of acts 1100 is
implemented on one or more computing devices, such as the
client device 102, the server device(s) 110, the client device
600, or the computing device(s) 1000. In addition, in some
embodiments, the series of acts 1100 is implemented in a
digital environment for creating or editing digital content
(e.g., digital images). For example, the series of acts 1100 is
implemented on a computing device having memory that
includes a digital image; a known object class detection
neural network including a region proposal neural network
and an object classification neural network as well as an
unknown object class detection neural network including a
region proposal neural network and a concept embedding
neural network.

The series of acts 1100 includes an act 1110 of identifying
a query object corresponding to an image. In particular, the
act 1110 can involve identifying a query that comprises a
query object to be detected in one or more digital images. In
some embodiments, the act 1110 also includes analyzing a
query string to identify a noun indicating the query object.
In example embodiments, the act 1110 includes receiving
text input from the user associated with a client device and
identifying the text input as the query string. In alternative
embodiments, the act 1110 includes receiving audio input
from the user associated with the client device, converting
the audio input into text, and identifying the converted text
as the query string. Furthermore, in one or more embodi-
ments, the query comprises an image search request to find
images having the query object. In alternative embodiments,
the query comprises a selection query to select one or more
instances of the query object in a digital image.

As shown, the series of acts 1100 also includes an act 1120
of determining whether the query object corresponds to a
known object class. In particular, the act 1120 can involve
determining whether the query object corresponds to a
known object class based on comparing the query object to
known object classes. For example, in various embodiments,
the act 1120 can further include analyzing the noun(s)
identified in the query string to determine that the query
object corresponds to a known object class. In one or more
embodiments, the act 1120 can include determining that the
query object does not correspond to a known object class.

As shown in FIG. 11, the series of acts 1100 further
includes an act 1130 of utilizing a known object class model
to detect the query object within the image if the query
object corresponds to a known object class. In particular, the
act 1130 can include utilizing a known object class detection
model to detect the query object within the one or more
digital images based on determining that the query object
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corresponds to the known object class. In some embodi-
ments, the known object class detection model is a known
object class neural network. In alternative embodiments, the
known object class detection model is another type of
machine-learning model.

In one or more embodiments, the act 1130 can include
detecting potential objects in the one or more digital image
utilizing a region proposal model and generating approxi-
mate boundaries about the potential objects. Act 1130 can
further involve generating an object label for the potential
objects utilizing an object classification model. Act 1130 can
further involve determining that an object label of one or
more potential objects corresponds to a query object class
corresponding to the query object. In some embodiments,
the object classification model is an object classification
neural network. In alternative embodiments, the object clas-
sification model is another type of machine-learning model.

In various embodiments, the act 1130 can include deter-
mining that an object label of at least one potential object
does not correspond to the query object. Act 1130 can further
involve filtering out the at least one potential object based on
the object label of the at least one potential object not
corresponding to the query object.

As shown, the series of acts 1100 also includes an act 1140
of utilizing an unknown object class model to detect the
query object within the image if the query object does not
correspond to a known object class. In particular, the act
1140 can include utilizing a concept embedding model to
detect the query object within the one or more digital images
based on determining that the query object does not corre-
spond to a known object class.

In some embodiments, the act 1140 can include detecting
potential objects in the one or more digital image utilizing a
region proposal neural network or other type of machine-
learning region proposal model. Act 1140 can also involve
generating approximate boundaries around the potential
objects. Act 1140 can also involve generating a correlation
score for each of the potential objects relative to the query
object utilizing the concept embedding neural network or
other type of machine-learning concept embedding model.
Furthermore, act 1140 can involve selecting at least one
potential object of the plurality of potential objects as an
instance of the query object based on the correlation scores.
In particular, act 1140 can involve generating image embed-
dings for each of the potential objects utilizing the concept
embedding neural network, generating a topic embedding
for the query object utilizing the concept embedding neural
network, and generating the correlation score for each of the
potential objects by comparing the topic embedding with the
image embeddings

As shown, the series of acts 1100 also includes an act 1150
of providing the detected query object to the user. In
particular, the act 1150 can involve providing an indication
of detected query object in the one or more digital images in
response to the query. In some embodiments, the act 1150
includes automatically selecting the detected query object by
generating an object mask for each detected instance of the
query object utilizing an object mask neural network or
other type of machine-learning object mask model. In one or
more embodiments, act 1150 involves returning a subset of
the one or more digital images including the query object.

The series of acts 1100 can also include a number of
additional acts. In one or more embodiments, the series of
acts 1100 can include the acts of identifying multiple sepa-
rate instances of the query object in the digital image, where
providing the detected query object within the digital image
includes selecting the multiple separate instances of the
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detected query object within the digital image. In some
embodiments, the In additional embodiments, the series of
acts 1100 can include the act of detecting a potential object
in the image utilizing a region proposal neural network or
other type of machine-learning region proposal model and
generating a bounding box around edges of the potential
object.

The term “digital environment,” as used herein, generally
refers to an environment implemented, for example, as a
stand-alone application (e.g., a personal computer or mobile
application running on a computing device), as an element
of an application, as a plug-in for an application, as a library
function or functions, as a computing device, and/or as a
cloud-computing system. A digital medium environment
allows the object selection system to create, execute, and/or
modify the object selection pipeline as described herein.

Embodiments of the present disclosure may comprise or
utilize a special purpose or general-purpose computer
including computer hardware, such as, for example, one or
more processors and system memory, as discussed in greater
detail below. Embodiments within the scope of the present
disclosure also include physical and other computer-read-
able media for carrying or storing computer-executable
instructions and/or data structures. In particular, one or more
of the processes described herein may be implemented at
least in part as instructions embodied in a non-transitory
computer-readable medium and executable by one or more
computing devices (e.g., any of the media content access
devices described herein). In general, a processor (e.g., a
microprocessor) receives instructions, from a non-transitory
computer-readable medium, (e.g., memory), and executes
those instructions, thereby performing one or more pro-
cesses, including one or more of the processes described
herein.

Computer-readable media can be any available media that
can be accessed by a general purpose or special purpose
computer system. Computer-readable media that store com-
puter-executable instructions are non-transitory computer-
readable storage media (devices). Computer-readable media
that carry computer-executable instructions are transmission
media. Thus, by way of example, and not limitation,
embodiments of the disclosure can comprise at least two
distinctly different kinds of computer-readable media: non-
transitory computer-readable storage media (devices) and
transmission media.

Non-transitory computer-readable storage media (de-
vices) includes RAM, ROM, EEPROM, CD-ROM, solid
state drives (“SSDs”) (e.g., based on RAM), Flash memory,
phase-change memory (“PCM”), other types of memory,
other optical disk storage, magnetic disk storage or other
magnetic storage devices, or any other medium which can be
used to store desired program code means in the form of
computer-executable instructions or data structures and
which can be accessed by a general purpose or special
purpose computer.

A “network” is defined as one or more data links that
enable the transport of electronic data between computer
systems and/or modules and/or other electronic devices.
When information is transferred or provided over a network
or another communications connection (either hardwired,
wireless, or a combination of hardwired or wireless) to a
computer, the computer correctly views the connection as a
transmission medium. Transmissions media can include a
network and/or data links which can be used to carry desired
program code means in the form of computer-executable
instructions or data structures and which can be accessed by
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a general purpose or special purpose computer. Combina-
tions of the above should also be included within the scope
of computer-readable media.

Further, upon reaching various computer system compo-
nents, program code means in the form of computer-execut-
able instructions or data structures can be transferred auto-
matically from transmission media to non-transitory
computer-readable storage media (devices) (or vice versa).
For example, computer-executable instructions or data
structures received over a network or data link can be
buffered in RAM within a network interface module (e.g., a
“NIC”), and then eventually transferred to computer system
RAM and/or to less volatile computer storage media (de-
vices) at a computer system. Thus, it should be understood
that non-transitory computer-readable storage media (de-
vices) can be included in computer system components that
also (or even primarily) utilize transmission media.

Computer-executable instructions comprise, for example,
instructions and data which, when executed by a processor,
cause a general-purpose computer, special purpose com-
puter, or special purpose processing device to perform a
certain function or group of functions. In some embodi-
ments, computer-executable instructions are executed by a
general-purpose computer to turn the general-purpose com-
puter into a special purpose computer implementing ele-
ments of the disclosure. The computer-executable instruc-
tions may be, for example, binaries, intermediate format
instructions such as assembly language, or even source code.
Although the subject matter has been described in language
specific to structural features and/or methodological acts, it
is to be understood that the subject matter defined in the
appended claims is not necessarily limited to the described
features or acts described above. Rather, the described
features and acts are disclosed as example forms of imple-
menting the claims.

Those skilled in the art will appreciate that the disclosure
may be practiced in network computing environments with
many types of computer system configurations, including,
personal computers, desktop computers, laptop computers,
message processors, hand-held devices, multi-processor sys-
tems, microprocessor-based or programmable consumer
electronics, network PCs, minicomputers, mainframe com-
puters, mobile telephones, PDAs, tablets, pagers, routers,
switches, and the like. The disclosure may also be practiced
in distributed system environments where local and remote
computer systems, which are linked (either by hardwired
data links, wireless data links, or by a combination of
hardwired and wireless data links) through a network, both
perform tasks. In a distributed system environment, program
modules may be located in both local and remote memory
storage devices.

Embodiments of the present disclosure can also be imple-
mented in cloud computing environments. As used herein,
the term “cloud computing” refers to a model for enabling
on-demand network access to a shared pool of configurable
computing resources. For example, cloud computing can be
employed in the marketplace to offer ubiquitous and con-
venient on-demand access to the shared pool of configurable
computing resources. The shared pool of configurable com-
puting resources can be rapidly provisioned via virtualiza-
tion and released with low management effort or service
provider interaction, and then scaled accordingly.

A cloud-computing model can be composed of various
characteristics such as, for example, on-demand self-service,
broad network access, resource pooling, rapid elasticity,
measured service, and so forth. A cloud-computing model
can also expose various service models, such as, for



US 12,093,306 B2

31

example, Software as a Service (“SaaS”), Platform as a
Service (“PaaS”), and Infrastructure as a Service (“laaS”). A
cloud-computing model can also be deployed using different
deployment models such as private cloud, community cloud,
public cloud, hybrid cloud, and so forth. In addition, as used
herein, the term “cloud-computing environment” refers to an
environment in which cloud computing is employed.

FIG. 12 illustrates a block diagram of an example com-
puting device 1200 that may be configured to perform one
or more of the processes described above. One will appre-
ciate that one or more computing devices, such as the
computing device 1200 may represent the computing
devices described above (e.g., client device 102, the server
device(s) 110, the client device 600, or the computing
device(s) 1000). In one or more embodiments, the comput-
ing device 1200 may be a mobile device (e.g., a laptop, a
tablet, a smartphone, a mobile telephone, a camera, a tracker,
a watch, a wearable device, etc.). In some embodiments, the
computing device 1200 may be a non-mobile device (e.g., a
desktop computer, a server device, a web server, a file server,
a social networking system, a program server, an application
store, or a content provider). Further, the computing device
1200 may be a server device that includes cloud-based
processing and storage capabilities.

As shown in FIG. 12, the computing device 1200 can
include one or more processor(s) 1202, memory 1204, a
storage device 1206, input/output (“I/O”) interfaces 1208,
and a communication interface 1210, which may be com-
municatively coupled by way of a communication infra-
structure (e.g., bus 1212). While the computing device 1200
is shown in FIG. 12, the components illustrated in FIG. 12
are not intended to be limiting. Additional or alternative
components may be used in other embodiments. Further-
more, in certain embodiments, the computing device 1200
includes fewer components than those shown in FIG. 12.
Components of the computing device 1200 shown in FIG.
12 will now be described in additional detail.

In particular embodiments, the processor(s) 1202 includes
hardware for executing instructions, such as those making
up a computer program. As an example, and not by way of
limitation, to execute instructions, the processor(s) 1202
may retrieve (or fetch) the instructions from an internal
register, an internal cache, memory 1204, or a storage device
1206 and decode and execute them.

The computing device 1200 includes memory 1204,
which is coupled to the processor(s) 1202. The memory
1204 may be used for storing data, metadata, and programs
for execution by the processor(s). The memory 1204 may
include one or more of volatile and non-volatile memories,
such as Random-Access Memory (“RAM”), Read-Only
Memory (“ROM”), a solid-state disk (“SSD”), Flash, Phase
Change Memory (“PCM”), or other types of data storage.
The memory 1204 may be internal or distributed memory. In
one or more embodiments, the memory 1204 is a memory
device (e.g., hardware) capable of storing computer readable
instructions, algorithms, data, images, neural networks, etc.

The computing device 1200 includes a storage device
1206 includes storage for storing data or instructions. As an
example, and not by way of limitation, the storage device
1206 can include a non-transitory storage medium described
above. The storage device 1206 may include a hard disk
drive (HDD), flash memory, a Universal Serial Bus (USB)
drive or a combination these or other storage devices.

As shown, the computing device 1200 includes one or
more /O interfaces 1208, which are provided to allow a user
to provide input to (e.g., user strokes), receive output from,
and otherwise transfer data to and from the computing
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device 1200. These I/O interfaces 1208 may include a
mouse, keypad or a keyboard, a touch screen, camera,
optical scanner, network interface, modem, other known /O
devices or a combination of these I/O interfaces 1208. The
touch screen may be activated with a stylus or a finger.

The I/O interfaces 1208 may include one or more devices
for presenting output to a user, including, but not limited to,
a graphics engine, a display (e.g., a display screen), one or
more output drivers (e.g., display drivers), one or more
audio speakers, and one or more audio drivers. In certain
embodiments, /O interfaces 1208 are configured to provide
graphical data to a display for presentation to a user. The
graphical data may be representative of one or more graphi-
cal user interfaces and/or any other graphical content as may
serve a particular implementation.

The computing device 1200 can further include a com-
munication interface 1210. The communication interface
1210 can include hardware, software, or both. The commu-
nication interface 1210 provides one or more interfaces for
communication (such as, for example, packet-based com-
munication) between the computing device and one or more
other computing devices or one or more networks. As an
example, and not by way of limitation, communication
interface 1210 may include a network interface controller
(NIC) or network adapter for communicating with an Eth-
ernet or other wire-based network or a wireless NIC (WNIC)
or wireless adapter for communicating with a wireless
network, such as a WI-FI. The computing device 1200 can
further include a bus 1212. The bus 1212 can include
hardware, software, or both that connects components of
computing device 1200 to each other.

In the foregoing specification, the invention has been
described with reference to specific example embodiments
thereof. Various embodiments and aspects of the
invention(s) are described with reference to details discussed
herein, and the accompanying drawings illustrate the various
embodiments. The description above and drawings are illus-
trative of the invention and are not to be construed as
limiting the invention. Numerous specific details are
described to provide a thorough understanding of various
embodiments of the present invention.

The present invention may be embodied in other specific
forms without departing from its spirit or essential charac-
teristics. The described embodiments are to be considered in
all respects only as illustrative and not restrictive. For
example, the methods described herein may be performed
with less or more steps/acts or the steps/acts may be per-
formed in differing orders. Additionally, the steps/acts
described herein may be repeated or performed in parallel to
one another or in parallel to different instances of the same
or similar steps/acts. The scope of the invention is, therefore,
indicated by the appended claims rather than by the fore-
going description. All changes that come within the meaning
and range of equivalency of the claims are to be embraced
within their scope.

What is claimed is:

1. A non-transitory computer-readable medium storing
instructions that, when executed by at least one processor,
cause the at least one processor to perform operations
comprising:

identifying a query that comprises a query object identi-

fication label indicating a query object to be detected in
one or more digital images;

determining which path of a multi-path object detection

pipeline comprising a first path for known objects and
a second path for unknown objects to use for detecting
the query object in the one or more digital images by:
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selecting, based on determining whether the query object
corresponds to a known object class or an unknown
object class, an object class detection neural network
from among a set of possible object class detection
neural networks for classifying the query object,
wherein the set of possible object class detection neural
networks comprise a known object class detection
neural network and an unknown object class detection
neural network; and
utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images.
2. The non-transitory computer-readable medium of claim
1, wherein the operations further comprise:
detecting potential objects in the one or more digital
images utilizing a region proposal neural network; and
generating approximate boundaries about the potential
objects.
3. The non-transitory computer-readable medium of claim
2, wherein:
the operations further comprise determining to use the
first path for known objects based on determining that
the query object corresponds to a known object; and
utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images comprises generating object labels for the
potential objects utilizing an object classification neural
network.
4. The non-transitory computer-readable medium of claim
3, wherein utilizing the selected object class detection neural
network to detect the query object within the one or more
digital images further comprises determining that an object
label of one or more potential objects corresponds to a query
object class associated with the query object.
5. The non-transitory computer-readable medium of claim
4, wherein the operations further comprise generating an
object mask for each detected instance of the query object
utilizing an object mask model.
6. The non-transitory computer-readable medium of claim
3, wherein the operations further comprise:
determining that an object label of at least one potential
object does not correspond to the query object identi-
fication label; and
filtering out the at least one potential object based on the
object label of the at least one potential object not
corresponding to the query object identification label.
7. The non-transitory computer-readable medium of claim
2, wherein:
the operations further comprise determining to use the
second path for unknown objects based on determining
that the query object does not correspond to a known
object; and
utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images comprises:
utilizing a concept embedding neural network to:
generate correlation scores between the potential objects
relative to the query object identification label; and
select at least one potential object of the potential objects
as an instance of the query object based on the corre-
lation scores.
8. The non-transitory computer-readable medium of claim
7, wherein utilizing the concept embedding neural network
comprises generating image embeddings for each of the
potential objects.
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9. The non-transitory computer-readable medium of claim
8, wherein utilizing the concept embedding neural network
comprises generating a topic embedding for the query object
identification label.

10. The non-transitory computer-readable medium of
claim 9, wherein the operations further comprise generating
the correlation scores by comparing the topic embedding
with the image embeddings.

11. A system comprising:

one or more memory devices; and

one or more processors coupled to the one or more

memory devices that cause the system to perform
operations comprising:

identifying a query that comprises a query object identi-

fication label indicating a query object to be detected in
one or more digital images;
determining which path of a multi-path object detection
pipeline comprising a first path for known objects and
a second path for unknown objects to use for detecting
the query object in the one or more digital images by:

selecting, based on determining whether the query object
corresponds to a known object class or an unknown
object class, an object class detection neural network
from among a set of possible object class detection
neural networks for classifying the query object,
wherein the set of possible object class detection neural
networks comprise a known object class detection
neural network and an unknown object class detection
neural network;

and utilizing the selected object class detection neural

network to detect the query object within the one or
more digital images.

12. The system of claim 11, wherein:

the query comprises an image search request; and

the operations further comprise returning a subset of the

one or more digital images that include the query
object.

13. The system of claim 11, wherein:

the operations further comprise determining to use the

second path for unknown objects based on determining
that the query object does not correspond to a known
object; and

utilizing the selected object class detection neural network

to detect the query object within the one or more digital
images comprises:

detecting potential objects in the one or more digital

images utilizing a region proposal neural network;
utilizing a concept embedding neural network to generate
an image vector for each portion of the one or more
digital images that includes a potential object;
utilizing the concept embedding neural network to gen-
erate a word vector for the query object;
generating correlation scores by measuring a similarity
between each potential object vector and the word
vector; and

detecting the query object in the one or more digital

images based on the correlation scores.

14. The system of claim 13, further comprising filtering
out the potential objects with correlation scores below a
similarity threshold prior to generating the correlation
scores.

15. The system of claim 11, wherein:

the operations further comprise determining to use the

first path for known objects based on determining that
the query object corresponds to a known object; and
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utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images comprises:

detecting objects in the one or more digital images

utilizing a known object class detection neural network
trained to locate objects in digital images that corre-
spond to the query object identification label.

16. A method comprising:

identifying a query that comprises a query object identi-

fication label indicating a query object to be detected in
one or more digital images;
determining which path of a multi-path object detection
pipeline comprising a first path for known objects and
a second path for unknown objects to use for detecting
the query object in the one or more digital images by:

selecting, based on determining whether the query object
corresponds to a known object class or an unknown
object class, an object class detection neural network
from among a set of possible object class detection
neural networks for classifying the query object,
wherein the set of possible object class detection neural
networks comprise a known object class detection
neural network and an unknown object class detection
neural network;

and utilizing the selected object class detection neural

network to detect the query object within the one or
more digital images.

17. The method of claim 16, further comprising providing
an indication of one or more instances of the detected query
object by selecting an instance of the detected query object
within a digital image of the one or more digital images
without selecting other areas in the digital image.

18. The method of claim 17, further comprising generat-
ing an object mask for the one or more instances of the
detected query object in the one or more digital images.
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19. The method of claim 16, wherein:

determining which path of the multi-path object detection
pipeline to use comprises determining to use the first
path for known objects based on determining that the
query object corresponds to a known object; and

utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images comprises detecting objects in the one or more
digital images utilizing a known object class detection
neural network trained to location objects that corre-
spond to the query object identification label.

20. The method of claim 16, wherein:

determining which path of the multi-path object detection
pipeline to use comprises determining to use the second
path for unknown objects based on determining that the
query object does not correspond to a known object;
and

utilizing the selected object class detection neural network
to detect the query object within the one or more digital
images comprises:

detecting potential objects in the one or more digital
images utilizing a region proposal neural network;

utilizing a concept embedding neural network to generate
an image vector for each portion to the one or more
digital images that includes a potential object;

utilizing the concept embedding neural network to gen-
erate a word vector for the query object;

generating correlation scores by measuring a similarity
between each potential object vector and the word
vector; and

detecting the query object in the one or more digital
images based on the correlation scores.
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